Osteosarcoma (OS) is the most common form of primary bone cancer in humans. The early detection and subsequent control of metastasis has been challenging in OS. Lipids are important constituents of cells that maintain structural integrity that can be converted into lipid-signaling molecules and are reprogrammed in cancerous states. Here, we investigate the global lipidomic differences in metastatic (143B) and nonmetastatic (HOS) human OS cells as compared with normal fetal osteoblast cells (FOB) using lipidomics. We detect 15 distinct lipid classes in all three cell lines that included over 1,000 lipid species across various classes including phospholipids, sphingolipids and ceramides, glycolipids, and cholesterol. We identify a key class of lipids, diacylglycerols, which are overexpressed in metastatic OS cells as compared with their nonmetastatic or nontumorigenic counterparts. As a proof of concept, we show that blocking diacylglycerol synthesis reduces cellular viability and reduces cell migration in metastatic OS cells. Thus, the differentially regulated lipids identified in this study might aid in biomarker discovery, and the synthesis and metabolism of specific lipids could serve as future targets for therapeutic development.-Roy, J., P. Dibaeinia, T. M. Fan, S. Sinha, and A. Das. Global analysis of osteosarcoma lipidomes reveal altered lipid profiles in metastatic versus nonmetastatic cells. J. Lipid Res. 2019. 60: 375-387.
options in OS, the early detection and subsequent control of metastasis has been challenging. Lipids are important constituents of cells that act as signaling molecules, maintain structural integrity as well as storage of energy, and are often reprogrammed in cancerous states (3) . The discovery of metabolically altered pathways, especially those related to lipid synthesis, can aid in understanding the mechanism of tumor formation and metastasis and might support in the development of novel OS therapeutics.
Lipids are an important component of the cellular machinery. They encompass a large class of biomolecules, including diversity in backbone and chain length, as well as number and position of unsaturated bonds (4, 5) . Although the functional consequences of lipid diversity are not fully understood, it is well characterized that lipids help regulate a variety of cellular functions, including protein signaling in the membrane as well as homeostasis (6, 7) . Thus, dysregulation in lipid metabolism is linked to a variety of pathological conditions, including immune disorders and cancer (8) .
Cancer cells are metabolically reprogrammed to sustain their uncontrolled growth and proliferation. An increased production of lipids, nucleic acids, and proteins is required to drive downstream oncogenic processes (3) . Although significant research has delved into the transcriptomics and proteomics of various cancers, the lipidomic profiles of most cancers remain poorly understood. Lipids form a major component of the plasma membrane and various cellular membranes, as well as in vesicles for intercellular and intracellular transport. Altered lipid composition leads to changes in membrane fluidity and cellular polarization (9) . Thus, the lipidomic profiles of cancer cells can lead to the development of biomarkers, identify potential therapeutic targets, and help understand the underlying mechanisms of various malignant pathologies.
Various analytical approaches have been taken toward understanding lipid profiles of cancer cells. The expression level and activity profiling of various lipid-synthesis enzymes have been performed to identify increased fatty acid synthase activity and ATP citrate lyase activity in tumors (10, 11) . Microarray profiling of metabolic genes has revealed altered cholesterol metabolism and LDL profiles (12) . Raman spectroscopy has also been used for understanding cellular lipid profiles at the single-cell level (13) , and 31 P NMR spectroscopy has been used toward lipidomic profiling (14) .
The complexity in study of lipids arises from the similarity in structures of lipids accompanied with overlapping mass. Lipids are categorized in various ways, including classifications based on their chain length, backbone, or saturation levels. Based on their backbone, lipids are classified mainly into phospholipids, glycolipids, sphingolipids, and sterols (Fig. 1) . The saponifiable part of phospholipids, glycolipids, and sphingolipids are free fatty acids. Thus, mixtures of lipids are highly diverse and numerous, based on combinations of fatty acids and the backbone. The development of mass-spectrometric techniques has enabled the separation and identification of complex lipid mixtures. Soft ionization techniques including ESI and MALDI allow lipids to remain intact for mass-spectrometric analyses. These techniques, in combination with highly specialized software programs, are also quantitative through the use of internal standards, allowing a thorough and high-throughput analysis of lipid mixtures.
The use of mass spectrometry to study cancer lipidomics has precedence in breast cancer, prostate cancer, and adenocarcinoma, among others (15) (16) (17) . Phospholipids are the largest class of structural lipids and have been widely explored in various cancers. It has been observed that lysophosphatidylcholine (LPC) levels are increased in aggressive breast cancer cell lines (18) . Individual lipid species, including palmitate-containing phosphatidylcholines (PCs), are overexpressed in malignant cancers (19) . Furthermore, data obtained from lipidomics have been compared with transcriptomic data to discover specific lipid markers like cholesteryl oleate (CE) for prostate cancer and correspondingly overexpressed scavenger receptor class B type I resulting in CE accumulation (20) .
Although there are several examples of lipidomics in cancer types of epithelial origin, the lipidomic profiles of cancers of mesenchymal origin such as OS have remained unexplored. In this work, the global lipidomic differences in metastatic and nonmetastatic OS cells as compared with normal fetal osteoblast cells was investigated in a highthroughput manner. Over 1,500 lipid species across various classes, including phospholipids, sphingolipids, ceramides (Cers), glycolipids, and cholesterol, were identified. Differences in lipid profiles between the classes, as well as differences between specific lipids, were observed in all the classes of lipid that were examined. Furthermore, the lipidomic signature of each class was identified using principal component analysis (PCA). Finally, a key class of lipids, diacylglycerols (DGs), was identified as being preferentially upregulated in the tumorigenic cell lines as compared with the noncancerous control cell line. The pathway of DG synthesis was blocked, and it induced apoptosis, as well as reduced migratory potential of metastatic 143B cells. Taken together, this work compares the global lipidomic profile of osteoblasts and nonmetastatic and metastatic OS cell lines. Furthermore, several differentially regulated pathways, including DGs, were identified, which might serve as biomarkers and targets for improved disease management and treatment.
MATERIALS AND METHODS

Materials
An Amplex Red kit was obtained from Thermo Scientific (catalog no. A12216). Phospholipase C (PLC) inhibitor U73122 was obtained from Enzo (catalog no. BML-ST391-0005).
Cell culture
Human cell lines FOB, HOS and 143B were cultured in DMEM (Gibco, Invitrogen, Carlsbad, CA) supplemented with 10% FBS and 1 mg·ml -1 penicillin-streptomycin (Gibco, Invitrogen) at 37°C and 5% CO 2 in a humidified incubator. FOB cells were kindly provided by Dr. Avudaiappan Maran at the Mayo Clinic, Rochester, MN. All cell lines were verified via short tandem repeat analysis. The cell lines FOB, HOS, and 143B were verified at The University of Arizona Genetics Core.
Extraction of lipids
Cells were grown to 80-90% confluency. Cells were detached using scraping, and cell count was performed. The cell suspension was immediately diluted with PBS (1:1) and centrifuged for 5 min at 400 g. The cell pellet was washed three times with 1 ml of PBS, followed by centrifugation at 400 g for 5 min, and cells were resuspended in 1 ml of PBS. The cells were lysed using six freezethaw cycles rapidly. Total lipids from all cell lines were extracted with the Bligh and Dyer method (21) . Briefly, 3.75 ml of chloroform/methanol 1:2 (v/v) was added to 1 ml of cell sample, vortexed well for 15 min, and incubated on ice for 5 min. An additional volume of 1.25 ml of chloroform and 1.25 ml of dH 2 O was added. Finally, following vigorous vortex for 5 min, samples were centrifuged at 150 g for 5 min at room temperature to obtain a two-phase system: aqueous top phase and organic bottom phase, from which lipids were obtained. This was dried down and submitted for MS.
Lipidomics analysis
Sample preparation. A total of 200 µl of methanol, 100 µl of chloroform, and 30 µl of water were added into the dried sample. After centrifugation, 150 µl of aliquot from the aforementioned solution was spiked with 5 µl of 50 µg/ml internal mixture (Cer 18:1/12:0; PC 12:0/12:0; PE 14:0/14:0; phosphatidylglycerol (PG) 14:0/14:0;PS 14:0/14:0) before instrument injection.
Instrument analysis. The samples were analyzed by using the Thermo Q-Exactive MS system (Bremen, Germany) in the Metabolomics Laboratory of the Roy J. Carver Biotechnology Center, University of Illinois at Urbana-Champaign. Software (Xcalibur Version 3.0.63) was used for data acquisition and analysis. The Dionex Ultimate 3000 series HPLC system (Thermo, Germering, Germany) used included a degasser, an autosampler, and a binary pump. The LC separation was performed on a Thermo Accucore C18 column (2.1 × 150 mm, 2.6 m) with mobile phase A (60% acetonitrile: 40% H 2 O with 10 mM ammonium formate and 0.1% formic acid) and mobile phase B (90% isopropanol: 10% acetonitrile with 10 mM ammonium formate and 0.1% formic acid). The flow rate was 0.4 ml/min. The linear gradient was as follows: 0 min, 70% A; 4 min, 55% A; 12 min, 35% A; 18 min, 15% A; 20-25 min, 0% A; 26-33 min, 70% A. The autosampler was set to 15°C, and the column was kept at 45°C. The injection volume was 10 l. Mass spectra were acquired under both positive (sheath gas flow rate, 50; aux gas flow rate: 13; sweep gas flow rate, 3; spray voltage, 3.5 kV; capillary temp, 263°C; Aux gas heater temp, 425°C) and negative electrospray ionization (sheath gas flow rate, 50; aux gas flow rate: 13; sweep gas flow rate, 3; spray voltage, 2.5 kV; capillary temp, 263°C; Aux gas heater temp, 425°C). The full-scan massspectrum resolution was set to 70,000 resolution at m/z 200 with the scan range of m/z 230~1,600, and the automatic gain control target was 1E6, with a maximum injection time of 200 ms. For MS/MS scan, the mass-spectrum resolution was set to 17,500. AGC target was 5E4 with a maximum injection time of 50 ms. Loop count was 10. Isolation window was m/z 1.0 with NCE of 25 and 30 eV.
Data analysis. Thermo software LipidSearch (version 4.1.30) was used for lipid identification (22, 23) . The lipid signal responses were normalized to total protein in the sample, and the corresponding internal standard signal response (for those lipid classes without corresponding internal standard, positive lipid ion signals were normalized with the signal of internal standard Cer 18:1/12:0 and negative-ion signals were normalized with the signal of internal standard PG 14:0/14:0). Only monoisotopic species were taken into account. Software LipidSearch uses the accurate m/z of the precursor ion and then predicts the possible fragment ions for species within the precursor ion tolerance. The LipidSearch database (not an MS/MS library) uses the known fragment ions for lipid classes and the intensity pattern based on measured spectra. Identification by the parent ion was based on the accurate mass of precursor ion with the mass shift tolerance of 5 ppm. Identification of the product ion was based on the accurate mass of precursor ion with the mass shift tolerance of 8 ppm and MS/MS spectral pattern. Additionally, isomers often coelute. Coeluting isomers are shown in the original search results as those with a different match score. The higher match score represents the mixture in the Alignment results (thus, only the highermatch-score lipid species will be presented). Further details on identification by LipidSearch software are indicated in the supplemental data.
Statistical analysis. The high-dimensional lipidomic data of three cell lines, each in three replicates, were transformed to a lower-dimensional eigenspace using PCA in MATLAB. The lowerdimensional space is formed by three principal components that capture more than 85% of the variance in the data.
In order to identify the details of separation in lipid profiles of three cell lines, a statistical test was used to compare each lipid's concentration in a cell line versus each of the other two, resulting in a total of three comparisons. The nonparametric Wilcoxon rank-sum test (21) implemented in MATLAB was used to calculate the p-values, which were corrected by Benjamini-Hochberg false discovery rate (FDR) control (2) . Moreover, fold change was jointly used with p-values to compare lipid levels in different cell lines.
The above procedure of statistical testing used to identify regulated lipids was also executed to identify regulated lipid classes, in a global analysis of 17 represented by lipid levels for all the 16 lipid classes in three cell lines with three replicates for each cell line. The global lipid-level value assigned to a lipid class in a cell-line replicate is obtained by adding up the levels of all lipids belonging to that class as measured in that replicate. Finally, the global lipid profile is input to the statistical testing procedure above to identify significantly regulated lipid classes. In all lipidomic analyses, the significance is assigned if levels increase or decrease by 2-fold or greater-that is, fold change > 2 or fold change < 0.5. Moreover, as a second measure in global and individual lipid analyses, significance is assigned if FDR < 0.15.
A similar analysis was performed to characterize different lipid levels in treated versus untreated 143B cell lines. For this analysis, the more stringent criterion of FDR < 0.07 was used to assign significance, along with the same fold change threshold of two.
Identification of differentially expressed genes (DEGs) was carried by same statistical testing explained above. For gene expression analysis, significance is assigned if fold change > 2-fold or fold change < 0.5-fold and nominal p-value < 0.05 (no significantly regulated genes were found for FDR < 0.35).
Amplex Red cholesterol assay. Lipids were extracted as outlined in the Bligh and Dyer protocol above. The lipids were suspended in reaction buffer, and the protocol was followed as outlined for Amplex Red cholesterol assay (Thermo Scientific catalog no. A12216). Briefly, 50 l of lipid extract and 50 l of the Amplex® Red reagent/HRP/cholesterol oxidase/cholesterol esterase working solution or working solution without esterase was added to the appropriate well and incubated in the dark at 37°C for 90 min. The plate was read using a spectramax II with excitation at 534 nm and emission at 590 nm. The samples were compared with cholesterol standard and normalized to cell number.
Cell titer blue assay. A total of 20,000 cells were plated per well in 96-well plates and allowed to adhere overnight. In the morning, the cell media was aspirated and replaced with fresh 100 l of cell medium and incubated with compound or DMSO vehicle control (1 l) and allowed to incubate at 37°C and 5% CO 2 in a humidified incubator for 4 h. A total of 20 l of cell titer blue reagent was added, and the plate was incubated for 1 h before the fluorescence was read using a plate reader with excitation at 534 nm and emission at 590 nm.
Wound-healing assay. Cells were grown to a confluent monolayer in 12-well plates, a scratch was made across the center of the plate with a pipette tip, and images were taken. The medium was replaced with fresh medium, and treatment or vehicle control was added to the wells. The cells were maintained at 37°C and 5% CO 2 in a humidified incubator and images were taken every 2 h. The images were processed using ImageJ via the wound-healing plugin and normalized to 100% area at time 0.
RESULTS
Global lipidomics profile of OS cells
To evaluate the lipidomic differences in OS as compared with nontumorigenic cells, the lipidomic profiles of human osteoblast cells (FOB), HOS osteosarcoma cells, which are nonmetastatic and 143B cells, which are highly metastatic, were evaluated (24) . HOS and 143B are isogenic cell lines that limit the differences in lipidomic profiles to factors that contribute to a metastatic phenotype. Total lipid was extracted from 90% confluent cell plates using the Bligh and Dyer method (21) for three separate experiments (n = 3). Total lipid extract was subjected to LC/MS/MS analysis by Thermo Q-Exactive Hybrid Quadrupole-Orbitrap Mass Spectrometer, and the data were searched against LIPIDSEARCH TM (Thermo Scientific) software to identify specific lipid species. The lipids were then normalized to respective internal standards and cell count from each individual sample to minimize instrument errors and differences in absolute cell densities, respectively.
Greater than 1,000 species of lipids were identified in each of the cell lines (supplemental Tables S1-S15). Mass-spectrometric methods have the advantage of highthroughput and therefore the ability to generate huge datasets in a limited time period. However, there are inherent drawbacks of mass spectrometry. For example, a precursor ion scan for the identification of phosphotidylcholine (PC) is not able to distinguish between ether versus diacyl species. For these species, an educated assumption is made to assign the molecular species. A further discussion on the mass-spectrometric identification of lipids and their nomenclature has been performed in the literature (25) . Furthermore, the position of double bonds is not discernible, and therefore only the number is indicated with each species. Additionally, there are limitations in the identification of all individual species. Isobaric species (molecular species with the same nominal mass but different exact mass) are challenging to identify. For example, for PC (35:1) composition indicates that the m/z 184.0733 fragment was found but a neutral loss scan was not obtained or there was a lack of FA fragment ions, which would allow the identification of individual chains. Representative chromatograms for various species have been included in supplemental Fig. S8 .
The highest number of species was identified in PCs, followed by phosphatidylethanolamines (PEs) and cardiolipin (CL). The global data were statistically analyzed using single-factor ANOVA and Tukey posthoc test. A similar statistical analysis of individual species is represented in Fig. 3 , which shows the differentially regulated species in each class. This is different from the global changes, because specific species in each class do not differ across the three cell lines. But Fig. 3 represents what percentage of species in each cell line are different from the other cell lines. The data corresponding to Fig. 3 are given in the supplemental tables. It was noted that in classes with low numbers of individual species, the results typically appeared amplified, and therefore results for MG (seven species), Pet (7) , PA (6), and LPE (4) the normal osteoblast cells. This is also reflected in the 2D plot in Fig. 4B . The various classes and the specific species that were differentially regulated have been discussed below with respect to global changes in composition as well as variations in individual lipids within the class. Tables S5 and S6 ). Overall, similar levels of PC species were found in all three cell lines. The levels of PC in normal osteoblast FOB cells was slightly higher than HOS and 143B cells, albeit insignificantly, as analyzed by ANOVA and Wilcoxon tests. Figure 3 represents the upregulation in specific species. As indicated in the labels, the three different colors represent the differential regulation in a class versus another. As seen in Fig. 3 , 20% of species are differentially regulated in FOB versus HOS, 60% between HOS and 143B, and 50% of species are differentially regulated between FOB and 143B. PC (34:1) was the most abundant species in all three cell lines. As PCs form a large class of structural lipids, significant alteration in PC levels is not expected. However, LPCs and subclass of PCs have been correlated with various cancers (26, 27) . Herein, it was observed that the amount of LPC was significantly higher in FOB cells than in 143B cells (P = 0.015) by ANOVA. This corresponds to the nonparametric global analysis test, where LPC is downregulated in 143B with respect to both HOS and FOB cells, as shown in Fig. 2 . The amount of saturated LPCs was higher in all three cell lines, as compared with the unsaturated LPC counterparts. However, both saturated and unsaturated LPCs were significantly higher in FOB cells as compared with the tumorigenic cell lines.
Among specific LPC species, higher plasma levels of LPC (18:0) have been related to lower risk of cancer (28) . In this work as well, FOB cells had the highest amount of LPC (18:0) and were significantly higher than 143B cells (P = 0.014) and modestly higher than HOS cells (P = 0.099). Fig. 3 shows the comparison of individual species in all cell lines. 20% species were different between FOB and HOS, and 30% differential regulation was seen between HOS versus 143B and FOB versus 143B, respectively.
PEs and lysophosphatidylethanolamines.
PEs are positively charged phospholipids that account for 25% of all phospholipids. Lysophosphatidylethanolamines (LPEs) are derived from partial hydrolysis of PEs, similar to LPCs (from PCs). Both PEs and LPEs were measured in negative-ion mode, and 117 PE species and 4 LPE species were detected (supplemental Tables S7 and S8 ). Overall, no significant changes were observed in PE levels among the three cell lines by ANOVA and Wilcoxon test ( Fig. 2 and supplemental Fig. S7 ). There was a slight gradient decrease from osteoblasts to nonmetastatic to metastatic cells, but these differences were not statistically significant. These results are in agreement with literature in breast cancer cell lines where MCF-10A nonmalignant cell lines had a higher abundance of PE than the corresponding cancerous cells (15) .
The most abundant species was PE (18:0) in HOS and FOB cells. However, PE (18:1) was the most abundant in 143B metastatic cells. As observed in Fig. 3 , under 30% of the PE individual species were differentially regulated in FOB versus HOS, 60% between HOS versus 143B, and 40% between FOB and 143B.
Similar to the trend observed in LPCs, the levels of LPEs were significantly higher in FOB versus 143B cells (P = 0.009). LPEs were highest in FOB cells, followed by HOS, and least in 143B cells (Fig. 2) . A moderate change in LPE levels was also observed from nonmetastatic HOS to metastatic 143B cells (P = 0.072). Because of the low number of LPE species detected, robust statistical interpretation for individual species, as seen in Fig. 3 for LPE, could not be performed.
Phosphatidylserines. Phosphatidylserines (PSs) are negatively charged membrane lipids that are typically present in the inner cell membranes (29) . However, in cells undergoing apoptosis, PS asymmetrically translocates to the outer cell membrane leaflet (30) . Forty-three species of PS were detected in in negative-ion mode (supplemental Table  S11 ). The differences among the three cell lines were not significant by ANOVA and Wilcoxon tests ( Fig. 2 and supplemental Fig. S7 ).
However, specific lipid species were differently expressed. As seen in Fig. 3 , there was less than 10% difference in the individual species between FOB and HOS. However, over 50% of species were differentially regulated in HOS versus 143B and 30% of species between FOB and 143B, potentially suggesting a role for specific PS species in the metastatic process. Table S1 ). Among these, 20 CerG1, 14 CerG2, and 9 CerG3 Cers of the simple Glc series (neutral glycosphingolipids) were detected. Overall, in nonparametric global analysis, Cers were found to be significantly downregulated in HOS versus FOB cells by Wilcoxon test (supplemental Fig. S7 ). The tumorigenic cells exhibited lesser amounts of total Cers than their nonmalignant osteoblast counterpart. Specifically, HOS cells had the least amount of Cers followed by 143B with FOB exhibiting the highest amount (Fig. 2) .
Comparing the individual species in the three cell lines, as seen in Fig. 3 , there is a 45% difference between FOB and HOS, HOS and 143B, and FOB and 143B.
SMs were analyzed in positive-ion mode, and 101 SM species were detected (supplemental Table S12 ), and overall the differences in SM content in all three lines remained relatively consistent (Fig. 2) . However, the levels of SM were less in the metastatic 143B cells, as compared with the osteoblast FOB cells and nonmetastatic HOS cells (Fig. 2) .
Specifically, several SM species were significantly lower in 143B cell lines, and several species were below the threshold of detection. These were SM (d18:1/19:0), (d40:4), (d42:5), (d44:4), (d44:7), (d46:7), and (d48:2). As seen in Fig. 3 , all classes showed several differentially regulated species. A 50-60% difference in individual species was observed in all three comparisons FOB versus HOS, HOS versus 143B, and FOB versus 143B.
CLs. CL is an inner mitochondrial membrane phospholipid constituting 20% of the membrane lipid composition (31) . A total of 142 CL species were detected in negative-ion mode (supplemental Table S3 ). As seen from Fig. 2 and supplemental Fig. S7 , CL expression in HOS cells is significantly greater than in FOB and 143B cell lines.
As shown in Fig. 3 , there is a 45% difference in individual species in FOB versus HOS, 65% between HOS and 143B, and 30% between FOB and 143B.
Cholesteryl esters. Cholesteryl esters (ChEs) are FA esters of cholesterol through the hydroxyl group of cholesterol. ChEs are a biologically inert form of cholesterol storage and liberate cholesterol when required for membrane and lipoprotein formation (32) . Thirty-eight distinct species of ChEs were detected in positive-ion mode (supplemental Table S2 ). Although the levels of ChE in FOB and HOS cells was relatively similar, the amount of ChE in 143B cells was significantly less (P = 0.045, HOS vs. 143B; and P = 0.068, FOB vs. 143B) by ANOVA (Fig. 2) . This is reflected in the nonparametric global analysis in supplemental Fig.  S7 , where 143B was downregulated as compared with both HOS and FOB cells.
As observed in Fig. 3 , HOS and FOB have only 10% species differentially regulated. However, there is a greater than 60% difference in species when 143B is compared with FOB or HOS.
Total cholesterol was not measured in our studies via high-throughput lipidomics because the ESI/MS platform is not well suited for detection of free cholesterol. However, as the interest in cholesterol and cholesterol metabolism and their correlation with cancer has increased in literature, both total cholesterol as well as ChEs in our cells through Amplex Red measurement were analyzed (33) . The hydrogen peroxide generated during oxidation converts the Amplex Red to resorufin, which is a fluorescent molecule. The assay is further modified to convert cholesterol esters to free cholesterol, first by using cholesterol esterase, and thus gives a measurement of total cholesterol in the cells. In this assay, the experiment was performed with all three cell lines with and without cholesterol esterase to examine the amount of free cholesterol, ChEs, and total cholesterol in each cell line. As observed in Fig. 5A , the total cholesterol levels were greatest in FOB cells, followed by 143B cells and then HOS cells. However, none of these differences were significant. The amount of free cholesterol also followed the same pattern in levels. Finally, the difference between total cholesterol and free cholesterol was calculated to determine the amount of ChEs. As observed in Fig. 5A , the amount of ChEs was greatest in FOB followed by HOS and very low in 143B, although these differences were not statistically significant. These values indicate that the levels of esterified cholesterol are lower in 143B cells as compared with FOB and HOS cells, thereby confirming results found in the lipidomics data ( Fig. 2 and  supplemental Fig. S7 ).
Monoacylglycerols. Monoacylglycerols (MGs) contain one glycerol moiety connected to a FA through an ester bond. MGs are catabolized by MG lipase (MAGL) to form FFA and glycerol, and the overexpression of MAGL in cancers has generated recent interest in this pathway. Seven MG species were detected in positive-ion mode with four saturated and three monounsaturated species (supplemental Table S15 ). A significant overexpression of MG was observed in 143B metastatic cells as compared with both nonmetastatic HOS (P = 0.0105) and osteoblast FOB (P = 0.0069) cells by ANOVA and is also reflected by the results of the nonparametric global analysis (Fig. 2) . However, the difference between HOS and FOB cells was not significant. The low number of MG species does not allow for a robust statistical treatment in Fig. 3 .
DGs. DGs contain two glycerol units esterified with a FA backbone. DG levels in cancer cells has been shown to be dysregulated, signaling through the protein kinase C (PKC) pathway (34) . Additionally, the levels of DG have been shown to affect the effectivity of drugs such as FA synthase inhibitors in cancer cells (35) . Fifty-four DG species were detected in positive-ion mode (supplemental Table S4 ).
Different regulation of DG species was observed in 143B cells as compared with HOS cells (P = 0.029) and FOB cells (P = 0.07) by ANOVA (Fig. 2) . Although the latter was not significant by ANOVA, both are reflected in the global Wilcoxon test as significant regulations (supplemental Fig. S7 ).
As seen in Fig. 3 , over 60% of species were differentially regulated in 143B cells as compared with FOB and HOS cells, making this class one of the hallmark characteristics of the 143B cell line. There was only a 30% difference between FOB and HOS cells. Supplemental Fig. S4 shows the various DG species that are differentially regulated.
Phosphatidic acids. Phosphatidic acids (PAs) are components of the membrane and generate DGs as mentioned previously. DG itself converts to PA in the presence of DG kinases that are also targets for cancer drugs (36) . In this study, six PA species were detected in negative-ion mode (supplemental Table S14 ). Although ANOVA indicated the differences in PA levels to be not significant (Fig. 2) , a global Wilcoxon test revealed that PA is downregulated in HOS cells as compared with FOB cells (supplemental Fig. S7 ).
Triacylglycerols. Triacylglycerols (TGs) contain three esterified glycerols on a FA backbone. Similar to MGs and DGs, TGs are also implicated in various cancerous pathways.
Particularly, increased levels of TG are associated with enhanced apoptosis (37, 38) . In this study, 163 species of TGs identified in positive-ion mode (supplemental Table S13 ) and the levels of TGs were greatest in FOB cells, followed by HOS and least in 143B cells (Fig. 2) . The difference between FOB and 143B cells was significant, with P = 0.03 by ANOVA, and was also reflected in the global Wilcoxon test (supplemental Fig. S7 ).
Specific species that were higher in FOB versus 143B cells were also observed in Fig. 3 ; there was a 20% difference in individual species levels in FOB versus HOS, 35% between HOS and 143B, and 50% between 143B and FOB.
DG inhibition results in reduced cell viability and migration
As identified in the previous section, DGs are a significantly upregulated population in the lipidome of 143B versus HOS and FOB cells. To investigate whether the inhibition of DGs will result in reduced cell viability and migration, the synthetic pathway of DG was inhibited. There are several different synthetic pathways for the formation of DGs. The chief pathway of synthesis is through the PLC-catalyzed hydrolysis of phosphatidylinositol 4,5-bisphosphate in the membrane to form DG, which remains in the membrane. The inhibition of PLC to inhibit DG synthesis and its effects on various diseased states has been investigated (39, 40) . In this study, PLC inhibitor U73122 was used to inhibit DG synthesis and investigate its effects on metastatic 143B cells. First, 143B cells were incubated with 1 M U73122 for 4 h, and lipids were extracted by the Bligh and Dyer method and analyzed by high-throughput lipidomics. As seen in Fig. 6A , the levels of DG were reduced in the treated samples as compared with the controls. Surprisingly, TG levels went up significantly after inhibitor treatment. As seen in Fig. 6B , most classes of lipids were affected. This is expected, because DG synthesis is directly linked to most phospholipid synthesis (41) . Supplemental Figs. S5 and S6 show the log fold-change plots for lipids in 143B cells with U73122 treatment and those without treatment.
Furthermore, as seen from Fig. 7A , the cell viability was reduced in all three cell lines. The change was greatest in 143B cells, the presence of 0.1, 0.5, and 1 M U73122, as measured by the cell titer blue assay (42) . Finally, a reduction in cell migration was also observed in 143B cells in the presence of U73122, as indicated by the wound healing assay (43) in Fig. 7B -D, but the effect was not observed in HOS cells (Fig. 7D) .
Finally, we wanted to explore whether the gene expressions for the synthesis and metabolism of DGs concurred with our data. We studied published microarray geneexpression data (42) available in the Gene Expression Omnibus (GEO) database (accession number GSE66673) containing the gene expression during the early and late passages of HOS and 143B cells with three replicates (n = 3) for all cell lines (42) . This dataset contained 42545 probe sets that were mapped to either a known or a model RefSeq accession number and were grouped into 20,724 unique genes. We used the data to identify DEGs in latepassage 143B versus late-passage HOS cells. Among all of the 20,724 genes, 1,415 genes passed our significance thresholds that give a DEG ratio of 0.068. In order to identify the DEGs in DG metabolism, we used the KEGG database to obtain the DG metabolic pathway. We identified three differentially identified genes in DG metabolism that were found to be upregulated in 143B versus the HOS cells-AGPAT9, PPAP2C, and MGLL, as shown in Fig. 8 .
DISCUSSION
The lipidomic profiling of cancer cells has become an important area of research that has been facilitated by the improvement of mass-spectrometric techniques that can identify and quantify very small quantities of lipids in mixtures of hundreds of species. Although the investigation of the lipidome of breast-cancer and prostate-cancer cells has been recently explored, the investigation of lipidomic profiles of bone cancers has remained unexplored. In this work, we investigate the lipidomic profile of human OS cell lines and compare them to a human osteoblast cell line.
We perform high-throughput lipidomics of osteoblasts (FOB), nonmetastatic (HOS), and metastatic (143B) cells. Various classes and hundreds of individual species in each class were identified in our results, and several of them were found to be differentially regulated.
Among the chief lipid classes, we found ChEs, CLs, MGs, DGs, and TGs, LPCs, and LPEs, as well as various individual lipid species to be significantly differentially regulated. In general, various patterns can be drawn from the global lipidomic changes represented in Fig. 2 . Lipids that are differentially regulated in HOS or 143B versus FOB can be correlated with the process of tumorigenesis. Additionally, lipids that are differentially regulated in 143B versus HOS can be correlated with the metastatic process. As seen in Cers are bioactive sphingolipids that have come to the forefront of cancer research. However, the various Cer species, depending on the FA conjugated to them, have shown various properties, including their roles in cellular proliferation or cancer cell death (44) . For instance, C18-Cer treatment suppresses tumor growth in head and neck cancer cells (45) ; however, the C16 Cers induce head and neck squamous cell carcinoma tumor proliferation (46) . Thus, a cumulative evaluation of Cer species will not be accurate in representing the correlation of lipid with OS. In our results, the levels of C18 Cers was significantly less in 143B and HOS cells, as compared with the FOB cells. C18 Cer has been recognized as a serum biomarker for monitoring chemotherapy response, as its levels increase with improvement in diseased state for head and neck squamous cell carcinoma (47) .
Conversely, CLs may be implicated in tumorigenesis. Indeed, CL has been found to impact prostate cancer-cell proliferation (48) . Specifically, C16-rich CL was found to stimulate proliferation, and C18-rich cells were found to reduce proliferation. As observed in supplemental Table S1 , C18-rich CLs appear to have a higher expression in FOB cells as compared with 143B cells, and C16-rich CLs have a higher expression in 143B cells. For example, CL(16:0/ 16:0/16:0/16:0) is not detected in FOB cells, but is detected in both 143B and HOS cells, and CL(18:4/18:2/18:2/18:2) is much lower in 143B cells as compared with FOB cells.
The abundance of LPCs in nontumorigenic cell line as compared with the tumorigenic OS cell lines indicates a faster conversion of LPCs to PCs in OS cells as compared with the normal cells. Indeed, in human colorectal cancer, it has been shown that LPC acyltransferase 1 (LPCAT1), the enzyme that converts LPC to PC, is overexpressed (49) , and LPCAT1 expression has been investigated as a biomarker in prostate cancer as well (50) . However, the levels of LPC are reduced in 143B cells as compared with HOS cells, indicating that, although they promote tumorigenesis, they may not be completely implicated in the process of metastasis.
Cholesterol and cholesterol metabolism have been found to be highly dysregulated in cancer (51) . However, the underlying mechanism of this is not very well understood. Cholesterol avidity in cancer cells is high, and it is usually stored in lipid droplets. The cholesterol concentration in cells is greatly regulated by import-export machinery through the droplets. The LDL receptors import cholesterol and are regulated by the SREBP transcriptional factors. The excess of cholesterol or of its oxidized products, oxysterols, activate liver X receptors and retinoid X receptor heterodimeric transcriptional factors. Subsequent induction of expression of ABC family transporters results in efflux of cholesterol (52) . Altered expression levels and mutations of genes involved in the cholesterol homeostasis pathways have been identified in cancer cells (53) . These include increases in gene copy numbers, upregulation of cholesterol synthesis gene expression, enhanced cholesterol import by LDL receptors, and decreased transport of cholesterol (53) (54) (55) (56) . However, further research is required to fully dissect the consequences of these changes and how they modulate cancer development. Cholesterol metabolites like oxysterols and steroids have also been implicated for their role in cancer (57) . The accumulation of cholesterol is usually correlated with higher cancer progression and metastasis. However, in certain studies, lower levels of cholesterol have been linked to cancer (58, 59) . In our studies we observed that the level of ChEs in metastatic OS cell line 143B was significantly less than the osteoblast and the nonmetastatic cell lines. On exploring this further via an Amplex Red detection of total cholesterol as well as ChEs in all three cell lines, we found that the levels of cholesterol, both free and esterified, were higher, albeit not significantly, in normal osteoblast cells than tumorigenic OS cells. This may in part be due to the lack of adipocytes in cell culture, because a significant amount of cholesterol in tumor tissue is derived from dietary cholesterol that is imported from adipocytes in the tumor microenvironment.
The other lipid-signaling pathways of interest are acylglycerols. MGs, DGs, and TGs are important lipid components of the cell, and all three were identified in our studies. Although MGs and DGs increased in metastatic cells as compared with their nonmetastatic counterparts, the levels of TGs reduced. Although all three moieties are synthesized through various pathways, they also intraconvert through various enzymatically facilitated pathways.
In our work, we show that inhibiting PLC and therefore inhibiting the DG synthesis pathway results in reduced cell viability and migration. DG is an important membrane lipid and acts as a secondary messenger. DG is known to bind directly to the PKC and protein kinase D (PKD) family, as well as to the Ras family (60, 61) . The DG-related activation of PKC and PKD plays an important role in cancer, as they signal through multiple pathways and control the expression of genes controlling cell-cycle progression, tumorigenesis, and metastasis (62) . Therefore, it is not surprising that the reduction of DG accumulation in cells reduces the cellular viability. The blocking of DG synthesis as a proof of concept in this work exhibits that blocking lipid synthesis is an approach toward combating tumor growth and metastasis. However, the DG pathway is an important cellular pathway, and blocking entire lipid-synthesis pathways will result in significant cellular abnormality. A more viable clinical approach would be to block specific DG species or specific species from other lipid classes. Finally, we identify genes associated with the DG pathway that are differentially regulated. AGPAT9 encodes for glycerol-3-phosphate acyltransferase 3. It catalyzes the conversion of glycerol-3-phosphate to lysophosphatidic acid, which converts to PA and subsequently to DG (63) . The genetic upregulation of AGPAT9 in 143B therefore corresponds to the increased synthesis of DG and thus higher levels of DGs in 143B cells than HOS. Interestingly, AGPAT9 is also known as metastasis associated gene 1 and activates the mTOR pathway (64) . PPAP2C gene encodes for lipid phosphate phosphohydrolase 2, which catalyzes the conversion of PA to DG (65) , and hence increases levels of DG overall. PPAP2C has been shown to be a potential anticancer drug target by genomic screening in transformed adult mesenchymal stem cells (66) . Furthermore, the knock down of PPAP2C impaired anchorage-dependent in vitro growth of cancer cell lines and impaired the in vitro growth of primary mesenchymal stem cells but not differentiated human fibroblasts by delaying entry into S phase of the cell cycle and is transcriptionally regulated by p53.
In this study, we exhibit that cancer cells have an altered lipidomic profile as compared with normal cells, and, furthermore, the lipidomic profile also changes in metastatic and nonmetastatic cells, showing that lipid composition affects the tumorigenic properties of OS. It is widely accepted that the metabolic reprogramming of cancer cells is necessary to sustain their uncontrolled proliferation. Although cells provide a homogenous system for the study of the disease, the tumor microenvironment likely affects the lipid composition further. The tumor microenvironment is unique and contains zones of hypoxia, extracellular acidosis, and necrosis. The hypoxic condition, as well as the interaction of cancer cells with the stroma and the endothelial cells, affects metabolism of various lipids, including PCs and cholesterol species (67, 68) . In addition to the changes at the cellular level, including differences in unsaturation, which affects fluidity and drug resistance, changes have been investigated at the tumor-stroma interactions. Molecular interactions between cancer cells and fibroblasts in their extracellular environment, as well as their interaction with adipocytes, change the lipid composition of the cells. In fact, the FA translocation by exosomes into cells alters the lipid homeostasis and therefore disturbs various signaling pathways (69) . Therefore, it is likely that the results from cellular lipidomics will not be translated unequivocally to lipidomics of tissue samples. However, we expect the trends to remain the same, favoring upregulation of lipids that promote cellular proliferation. Cellular investigations also help limit the lipid classes of interest to be investigated with scarce tissue samples. Further investigations into primary and metastatic OS tissue samples will enable targeting of specific lipid synthesis pathways for OS therapy. lines. We show that various different lipid pathways and specific lipid species are differentially regulated in the diseased state. Furthermore, we identify that DGs are significantly upregulated in metastatic 143B cells as compared with HOS and FOB cells. We block the synthesis of DG though PLC inhibition and exhibit that this reduces cell viability as well as cell migration in 143B cells. Finally, we identify two genes involved in the DG synthesis pathway that are significantly upregulated and therefore can be potential therapeutic targets in OS.
